and their subsequent incorporation into a low resolution PET image using wavelet decompositions.
Although this method allows creating PVE corrected images, it is based on a 2D global correlation model which may introduce artefacts in regions where no significant correlation exists between anatomical and functional details. Methods: A new model was designed to overcome these two issues (2D only and global correlation) using a 3D wavelet decomposition process combined with a local analysis. The Author manuscript, published in "Medical Physics 2011;38(9):4920-3" DOI : 10.1118/1.3608907
INTRODUCTION 40
Partial volume effects (PVE) refers to two distinct phenomena leading in under-or over-estimation of the tissues uptake. The first results from the limited spatial resolution of the imaging device, leading to a 3-dimensional (3D) blurring and a loss of signal in tissues of size similar to the system's point spread function (PSF) Full Width at Half Maximum (FWHM), as well as activity cross-contamination ("spillover") between structures with different uptakes 1 .
The second phenomenon arises from the discrete representation on a grid with voxel sizes from 1 to 5 mm for the 45 reconstruction of images. The voxel values at the edges are consequently a mixture of different tissues, an effect commonly known as "tissue fraction effect". This effect exists on all image modalities but its magnitude is lower on anatomical datasets such as MRI or CT, and the introduction of higher resolution details from anatomical images in the functional images could reduce its impact. In this study we considered both the spatial resolution of the scanner and the voxel grid sampling, which are specific to the low resolution images obtained with PET.
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Most of the previously proposed approaches for PVE correction consist in using a priori anatomical information provided by either computed tomography (CT) or magnetic resonance (MR) images. Although these methodologies usually aim at the recovery of accurate uptakes in specific regions of interest (ROIs) [1] [2] [3] [4] requiring either a co-registered atlas or a segmentation step, such as the ROI based geometric transfer matrix (GTM) by Rousset et al 2 , some voxelbased implementations have been recently proposed. They could be classified in two groups; namely deconvolution 55 without the use of anatomical information 5-8 or voxel-wise correction based on the use of anatomical and functional images available from multi-modality devices [9] [10] [11] .
Teo et al. 5 considered the use of iterative deconvolution restricted to a ROI to avoid noise increase in the overall image, while a more recent study applied iterative deconvolution to brain images 6 . Boussion et al. 7 proposed the use of wavelet-based denoising at the iterative level of the deconvolution process to avoid noise amplification. The efficacy of 60 this denoising greatly depends on the choice of the wavelet filtering algorithm and associated threshold values. Kirov et al. 8 suggested the use of regularized iterative deconvolution with variance control based on local topology as an alternative solution for noise reduction. This latter approach is not fully automatic because the determination and optimisation of the regularization parameters are dependent on the properties of the image.
One methodology based on the use of anatomical information to correct functional data was proposed by Boussion 65 et al. 9 and is referred to as mutual multi-resolution analysis (MMA). It uses discrete wavelet transforms 10 such approach is dependent on the use of atlases and is therefore only applicable to brain imaging. The second limitation of the original MMA algorithm is due to the use of a 2D modeling as the correction is applied independently slice by slice, whereas PVE is a 3D effect for which it is important to consider interactions in all three spatial directions.
The goal of the present study was to design a new model in order to overcome the shortcomings associated with the 85 original MMA algorithm as highlighted above. More specifically, a new 3D wavelet decomposition scheme was designed and the global linear relation model was replaced with an improved local analysis, in order to process limited image areas at a time and adapt this model to each image part based on local information. This new approach was evaluated on synthetic and simulated images, and applied to brain and whole body patient datasets, and its performance was compared to the results obtained with both the original 2D global MMA algorithm described by Boussion et al.
and the GTM reference methodology 2 .
MATERIALS AND METHODS

A. Multiresolution analysis in the wavelet domain
Performing multiresolution image analysis using wavelet transforms consists in analyzing details across different 95 levels of resolution or scale 12 , in order to extract consecutive layers of details from large structures to small edges, by separating the spatial frequencies they contain. Among the many algorithms developed to perform wavelet transform of an image, the most common approach is the multi-resolution pyramidal methodology 13 consisting in iteratively inserm-00707277, version 1 -12 Jun 2012
4 reducing the resolution of the image. Such sub-sampling may cause a loss of linear continuity in spatial features such as edges and the appearance of artifacts in those structures 14 . Therefore, the undecimated algorithms are often more 100 appropriate, for instance for the image fusion purpose 15 . The "à trous" ("with holes") algorithm was used here and extended to 3D to perform the wavelet decomposition 10 based on the initial work of Boussion et al. 9 . This algorithm presents several advantages such as a straightforward implementation, a reconstruction without any loss of information and an isotropic process (i.e. no specific directions selected). This algorithm is related to the standard discrete wavelet transform decomposition scheme 16 as it performs the sub-sampling of the filtered image by up-sampling the low-pass 105 filter; inserting zeros between each of the filter's coefficient at each level. The detail coefficients images {w j } are then obtained as the difference {I j+1 -I j } between the low-pass filtered images from two consecutive levels. At each iteration j, the resolution of the image I j is reduced to obtain the smoothed image I j+1 (called residual) using:
where h is a 3D low-pass filter defined by:
with the convolution operator and h 1D a binomial filter 17 of order 4.
The inverse transform can be computed by adding the detail layers {w j } from all levels to the final low-resolution image I J :
where, J is the number of iterations from the initial image I 0 to the final approximation I J .
Due to the discrete convolution shown in equation 1, the spatial resolution (or PSF FWHM) of the residual image I j+1 depends on both the spatial resolution of I j and the size of its voxels. This is because the image I j is sampled according to the iteration index j (i.e. the level of scale in the wavelet transform) and the convolution leads to a non 120 linear dependency (factor 2 j ) on the resulting PSF FWHM of the residual I j+1 . The relationship between voxel sizes and the residual FWHM at different scales was determined by applying the "à trous" algorithm to an initial point source of different sizes (from 0.6 to 1.4 mm) using the Mathematica software. This relationship was found to be linear (see table   1 ). In order to change the voxel size of the initial image I 0 and to obtain a residual I j with a specific spatial resolution according to the Mathematica software analysis, trilinear interpolation and 3 rd order B-spline resampling were used for common to H and L (q+p+1), using the "à trous" algorithm: 
4) with the sum of the anatomical wavelet coefficients weighted by a local factor α:
where α stands for the Median of the Ratio Map (MRM). Equation 6 provides the corrected value for each voxel (x, y, z) by adding to the original functional image value (L) the wavelet coefficient. Each voxel is processed individually 150 however the parameter α is computed for each voxel using a 3D sliding cube, simultaneously applied within the L and H wavelet layers to obtain the MRM (eq.7).
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where WIND is a window in 3D (i.e. a cube) centered on (x,y,z) with a fixed size of 3x3x3 voxels (i=1…3) and T is a threshold operator. satisfactory results in most considered cases, however future studies should investigate the automatic estimation of an optimal value for each case. Therefore an investigation regarding the cube optimal size was carried out in this study.
C. Validation and comparison study 175
Analysis
Mean and associated standard deviation were computed on ROI placed on the organs or objects of interest in order to quantify the partial volume effect correction, and compared to the ground-truth when available (synthetic images and simulated datasets). In such cases (for example the spheres), the ROI were defined on the ground-truth, covering the entire structure voxel-by-boxel, and were reported to both uncorrected and corrected images. For clinical datasets, as 180 inserm-00707277, version 1 -12 Jun 2012 7 ground-truth was not available, the improvement between uncorrected and corrected image was reported for ROI placed on both images.
Synthetic images
The proposed algorithm was first validated using synthetic images. All the images considered in this section were generated in 3D and analyzed either on a 2D basis using the original MMA method, or in 3D using the proposed 185 approach. Finally, the GTM methodology was also applied, assuming a perfect knowledge of the ground-truth for the definition of the necessary ROIs in order to eliminate any potential errors that can be associated with a segmentation step. Two different synthetic images were employed, the first one H ref ( figure 1-(1) ) to generate the functional images L (figure 1- (2)), and the second one H anat ( figure 1-(3) ) used for the correction of PVE via both the 2D global and 3D The L images (figure 1- (2)) (same voxel size and dimensions as for H anat ) were generated by convolving H ref ( figure   1 - (1)) with a 6 mm FWHM 3D Gaussian PSF and adding Gaussian noise (SD 10% of the mean intensity). In this first 200 dataset, both H anat and L images had a voxel size of 1mm 3 . The Gaussian noise approximation is realistic enough for the reconstructed PET images when considering a specific ROI 18 . The noise intensity (SD value) used was determined through different ROI analysis in the lung and liver from various whole body clinical datasets. 
) in order to examine the value recovery of small objects. These two configurations were designed to validate the performance of the local approach for cases where the global approach already leads to satisfactory results, i.e. with a perfect match (structure and intensity) between both modalities. A third combination was used to investigate partial 210 correlation between the two modalities (figure 1-(C) (2) and (3) (1)) with FWHM PSF from 4 to 8 mm. These L images were then corrected for PVE 220 considering a unique FWHM value of 6 mm.
Simulated images
In the second part of this study, simulated images generated using a segmented brain phantom based on measured T1 MRI images 19 were analyzed. The images are a T1-weighted MRI and an associated 18 anatomical images were semi-automatically segmented to generate ROIs for the tumor, the lungs, soft tissues and bones in order to be used in the GTM method.
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RESULTS
A. Synthetic images
The quantitative results regarding the correction using the three methods can be found in figure 1 (D-F) for the 275 three different synthetic datasets. Figure 1-(D) contains results of the spillover effects correction for the spheres of constant size and varying intensities ( fig. 1-(A) ). It displays the percentage of recovered intensity (a value of 100 is a perfect recovery of the true activity) in the spheres, demonstrating similar levels of recovery for the three methods, within 2% for all of the different intensities considered. Figure 1 -(E) shows quantification results for the constant intensity and variable size spheres ( figure 1-(B) ). The recovered intensities in the spheres demonstrate that both 280 approaches perform with similar accuracy. As the functional image is resampled with the voxel size of the anatomical image as a first step for both methodologies, the impact of tissue-fraction effect is reduced by introducing the higher resolution details of the anatomic imaging when available and correlated, achieving accurate intensity recovery even for the smallest spheres where PVE have the most significant impact. Figures 1-(C) - (4) and - (5) show the results for the uncorrelated case in which the spheres are different in the functional and anatomical images in terms of both intensity 285 and structure, revealing differences between the 2D global and new 3D local approaches as the new approach does not incorporate uncorrelated anatomical details in the functional image during the correction, whereas the 2D global MMA creates local artifacts related to existing mismatches. In addition, the local approach handles more accurately the differences in absolute signal intensity between the anatomical and functional images. A quantitative comparison of recovered intensities in the spheres is shown in figure 1 -(F) and demonstrates much higher accuracy for the new 290 approach: without correction, the mean error was -11.4% ± 5.2% whereas the 2D global and 3D local corrections resulted in a mean error of -15.1% ± 6.1% and 2.8% ± 2.4% respectively. The GTM method resulted in a mean error of 3.2%. The standard deviation of each measurement associated with the use of the 2D global MAA approach was much larger than when applying the new model. This is explained by the artifacts that are introduced due to mismatch in structural information between anatomical and functional datasets that the 2D global approach is not able to address.
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Such a case highlights the limitation of the 2D global MMA and the way the new 3D approach successfully overcomes such issues, with similar accuracy to GTM using the ground-truth ROIs. The measurements in sphere 7 illustrate the fact that no PVE correction can be performed due to the lack of corresponding structure in the anatomical image. It is important however to emphasize that in such a case, the functional activity in the corrected image remains unchanged and no additional artifact is introduced.
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The local approach appeared more robust with respect to the increase of noise in the functional image in figure   1 (C)- (2)): mean recovered intensity across all structures (excluding sphere 7) and the different noise levels was 99.5 ± inserm-00707277, version 1 -12 Jun 2012 11 1.1% for the 3D local whereas the 2D global results exhibited much higher standard deviation with a mean recovery intensity of 97.8 ± 27.8% as illustrated in figure 2 -(A). figure 2-(B) ). Regarding the inadequate choice of FHWM parameters, the mean error was 9.4 ± 5.5% and 2.8 ± 3% for ± 2mm and ± 1mm around the actual exact value ( figure 2-(C) ). (1), (2) and (3) respectively) is also illustrated.
B. Simulated images
Irrespectively of the cube size, the mean of the ratio led to major artifacts due to noise and the possible approximations in the FWHM parameters. On the contrary, the use of the median led to better visual result. Only small visual differences (mostly a slight increasing blurring effect) were observed with the three different cube sizes (figure 3-(C)-
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(1) to 3-(C)- (3)). This blurring effect can be explained by the inclusion of additional voxels for the computation of the median value and a less efficient local modeling. The quantitative analysis as shown in figure 3 -(D) demonstrated higher activity recovery when using the smallest cubic window size (3x3x3). All other results were therefore generated with this setting. the GTM approach accurately corrected the intensities. However, in other regions such as the frontal or the hippocampus region for instance, it led to an over-or under-estimation of the uptake respectively. Mean error for all 335 analyzed regions was 31.9 ± 8.5%, 21.3 ± 6.8%, 16.7% ± 5.7% and 8.9 ± 2.7% for the non corrected PET, 2D global MMA, GTM and 3D local MMA respectively.
C. Clinical images
As a last evaluation step the new approach was applied and compared to the global MMA and GTM on two clinical 340 cases: a brain and a whole-body acquisition ( fig. 5 and 6 respectively) . Despite the good correlation between the T1 MRI ( fig. 5-(A) - (1)) and FDG PET ( fig. 5-(A) - (2) 31.6% respectively. In contrast, higher mean intensity variations and lower standard deviation were obtained with the new approach: 11.4% ± 6.5% in the grey matter and -2.6% ± 8.3% in the white matter. The new approach therefore led to less noisy and higher uptake enhancements than the 2D global MMA. By comparison, the use of GTM led to +10%
and -19% mean activity changes for the grey and white matter ROIs respectively.
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The whole-body 18 F-FDG PET/CT image ( fig. 6 -(1) and 6-(2)) of a patient with lung cancer was analyzed in order to assess the potential of our new approach regarding oncology applications. Figure 6 contains the correction results using both approaches, demonstrating the incorporation of artifacts such as the spine with the global approach ( fig. 6 - (3)) whereas the new model allowed avoiding them fig. 6-(4) ). Quantitative measurements in this bone region demonstrated an uptake increase of 28.8 ± 25.4% with the 2D global whereas the 3D local led to a much lower 360 variation (1.9 ± 11.3%). Table 2 contains the results of quantitative analysis using ROIs placed in the tumor and the lung, revealing an increase in lesion-to-lung ratio of 33.5% with the global approach, 45.8% with the GTM method and 54.1% with the 3D local approach. Furthermore, a variation in the whole lung activity concentration of 13.3% with the global approach was measured, whereas the new model leads to a smaller variation of only 6.7% thanks to the fact that inserm-00707277, version 1 -12 Jun 2012
13 it disregards anatomical structures in the lungs without matching FDG uptake. A similar variation of 5.4% of the lung 365 uptake was obtained with the GTM approach.
DISCUSSION
Multi-modality PET/CT imaging is rapidly becoming the gold standard for diagnostic studies especially in oncology with 18 F-FDG PET/CT. PET/CT systems are now widely used in clinical practice thanks to the automatic 370 fusion of functional and anatomical information they provide. Accurate and efficient PVC in this context might demonstrate significant clinical impact for instance for the detection of small lesions in whole-body PET acquisitions, or for the assessment of therapy response during or after treatment. In addition, new technology developments now allow the simultaneous acquisition of PET and MRI images for clinical brain studies 22 and it is expected this will be also extended to whole-body imaging. These developments facilitate the use of anatomical information either during 375 the reconstruction (attenuation correction 23, 24 or incorporation of a-priori information 25, 26 ) or as a post-processing step for the improvement of qualitative and quantitative accuracy of functional images (denoising 27 or partial volume correction 9, 11 ).
The recently introduced MMA methodology for partial volume correction 9 is based on the mutual multi-resolution analysis of a functional image and the corresponding anatomical one. In contrast to the standard PVE correction Although this new approach allows improved qualitative and quantitative voxel-wise partial volume correction using anatomical information, without assuming homogeneous uptake in regions of interest as the GTM approach, and is applicable to both brain and oncology imaging, one should consider potential pitfalls associated with any postprocessing PVE correction approach based on anatomical information. As the correction is performed based on the 415 anatomical image details, if no or not enough information is available for a specific structure, the PVE correction will be either not possible or incomplete. The new proposed approach is certainly able to handle mismatches between anatomical and functional information. However, in the case of tumour imaging, if the lesion is necrotic in the functional image but there is no corresponding necrosis in the anatomical structure, the correction will be incomplete as only the external outline of the lesion will be corrected. Absence of contrast in the anatomical dataset corresponding to 420 a specific structure would lead to a lack of significant wavelet coefficients in the wavelet decomposition of such a structure, therefore no correction can be deduced and applied to the corresponding functional uptake. However, when a relationship exists between the anatomical signal and the functional one, such an issue may be overcome by using 
CONCLUSION
We developed an improved voxel-wise methodology to correct for partial volume effects in emission tomography.
This new model overcomes limitations encountered in the originally proposed MMA and allows for a more universal 465 approach that can potentially handle any combination of co-registered anatomical and functional images. Our new methodology extends the 2D MMA to a 3D local analysis, in which local details are conditionally taken into account in the correction process. PVE correction was successfully applied to images with either high correlation, for which the 2D MMA correction was already adequate, or more challenging cases for which correlation between anatomical and functional datasets was not complete and for which global 2D MMA failed by introducing artefacts and led to 470 inaccurate quantification. The local 3D process was successfully tested and validated on synthetic, simulated and clinical datasets, with similar performance to the reference GTM method without requiring a segmentation step, producing PVE corrected images, and avoiding artifacts generated by the 2D global approach. In addition it proves to be overall more robust with good accuracy and robustness without particular requirements regarding the structural and intensity correlations between the anatomical and functional images. images using the 2D global MMA algorithm, and (4) PVE corrected images using the 3D local MMA approach. Table 1 : FWHM values of the residual scales for an initial FWHM of 1mm and initial voxel sizes of 0.6, 1 and 1.4 mm.
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TABLES CAPTION
The equation formula provided by the software is presented. inserm-00707277, version 1 -12 Jun 2012 Table 1   Table 2 Activity (kBq/ml) ROI lung ROI lesion ROI bone ORIGINAL PET 1.5 ± 0. 
